ABSTRACT A huge amount of video content has been generated on the Internet, and user attention among those videos is allocated in an asymmetric way, with the vast majority barely noticed while a few of videos become very popular. Hence, understanding the popularity characteristics of online videos and predicting the future popularity of individual videos are of great importance. They have direct implications in various contexts, such as service design, advertisement planning, network management, and so on. In this paper, we address those two problems head-on based on data collected from a leading online video service provider in China, namely Youku. We firstly analyze the characteristics of Youku video popularity from four key aspects: long-term popularity, video lifetime, popularity evolution pattern, and early stage popularity. Then, we undertake the challenge of future popularity prediction, by proposing a model that can capture the popularity dynamics based on early popularity evolution pattern and future popularity burst prediction. The approach is validated on exhaustive real-world data and achieves significant decreases in relative prediction errors, reaching up to 32.73% and 11.28% reductions over two state-of-the-art baseline models, respectively. At last, we also provide the potential and limitation analysis of model parameters in practice.
I. INTRODUCTION
With the ubiquitous access of Internet and the emergence of Web 2.0 services, an enormous and ever growing amount of online content has been brought into the digital world. Content producers now can reach audiences in inconceivable numbers that are unmatched through conventional channels. Among the various kinds of online content, online videos are currently a dominating component of the Internet. In terms of bytes, the video traffic accounts for around 64% of all the Internet traffic in 2014, and will be up to 80% by 2019 [1] . This explosive growth intensifies the online competition for user attention, and contributes to a ''winner-take-all'' online video ecosystem: a small fraction of videos attract most of the user interest, whereas the vast majority of videos are of limited views [2] , [3] .
Given the huge amount of video content and the high variability of user attention, it is of utmost importance for a number of tasks to understand the characteristics of online video popularity and further predict the popularity of individual videos. For service providers, the video popularity dynamics and prediction results can greatly benefit their future design of the content filtering, video ranking, and recommendation schemes, which help users to find videos with more potential values more easily [4] . For advertisers in the online marketing, prediction of the next rising star of the Internet can maximize their revenues through better advertising placement [3] . With the extrapolation of video popularity, network operators can proactively manage the bandwidth requirement and deploy the cache servers in the content delivery network (CDN) for hot videos in advance [5] . In addition, in a quite different context, the video popularity will be of great interest in the opportunistic communications among mobile devices [6] . In such resource-constrained environments (e.g. limited bandwidth and storage space), predicting hot videos is helpful for the content delivering, caching and replicating on the device end.
In this paper, we study the video popularity of Youku (www.youku.com), a leading online video service provider in China. Our work is based on the data of 33,359 videos crawled from Youku website for 30 consecutive days. With these data, we analyze in-depth how the popularity of online video content evolves over time, and how to predict the future popularity of an individual video. The main contributions of our work are summarized as follows: 1) We provide a detailed characterization of the popularity dynamics of online videos. In particular, we provide insights into the popularity evolution patterns of the individual videos. 2) We tackle the problem of popularity prediction by proposing a model that can capture the popularity evolution of an individual video. To the best of our knowledge, the proposed method is the first to specialize models by popularity evolution patterns in the popularity prediction. 3) We evaluate our model on a real-world dataset and compare the prediction performance with two stateof-the-art online video popularity prediction models. Our approach leads to significant reductions in prediction errors of 32.73% and 11.28% over the baseline models respectively. 4) We analyze the potentials and limitations of different detectors and model parameters in the prediction. We shed light on the importance of each feature and each feature group used in the burst prediction.
The rest of this paper is organized as follows: We firstly outline the related work in Section II. Then in Section III, we briefly describe the dataset used in our analysis. A detailed characterization of video popularity dynamics is presented in Section IV. We introduce and evaluate our prediction model in Section V. A number of extension problems of the proposed model are discussed in Section VI. At last, we conclude the paper in Section VII.
II. RELATED WORK A. ANALYSIS OF GROUP POPULARITY
The beginning research of video popularity can be found in the early studies on user access patterns. Gill et al. [7] analyzed the user access patterns, file properties, video view count distribution and referencing behaviors of YouTube, based on the traffic collected at a campus. Zink et al. [8] also captured traffic from a university campus and analyzed the duration, data rate, population and access patterns of YouTube videos. Both of them discovered that the video requests of YouTube followed a Zipf-like distribution. Cha et al. [4] analyzed the popularity distribution, popularity evolution and content characteristics of YouTube and a popular Korean video sharing service. They modeled the group video popularity as a power law with an exponential cut-off. They also investigated different mechanisms, such as caching and P2P, to improve the video distribution. Cheng et al. [9] performed a long-term crawling of YouTube and studied the static properties, access pattern, popularity distribution, popularity trend and social networking of YouTube videos. These previous studies provide important insights into the traffic and content popularity of online video service. However, they focused mostly on the overall popularity distribution of a group of videos, and they collected data at either a single or several static time points (i.e. snapshots). Our study complements these existing works by further characterizing the video popularity at a more fine-grained individual level besides the group level. Moreover, we track the popularity of each video every day since their publications, and analyze the popularity growth over time during the whole observation period. We also further tackle the challenge of future popularity prediction in our paper.
B. CHARACTERIZATION OF POPULARITY EVOLUTION
Some studies perform temporal analysis of how video popularity evolves over time, especially on the peak days, and cluster videos which have similar popularity evolution trends. Crane and Sornette [10] first proposed epidemic models to describe the popularity evolution of YouTube videos. They distinguished four different evolution patterns based on the fraction of views on the peak day and explained these patterns in terms of endogenous and exogenous effects. Yang et al. [11] studied how the popularity of online content grew and faded over time, and proposed a clustering algorithm based on the k-means method to identify the temporal patterns of video popularity. Figueiredo et al. [12] - [14] characterized the popularity evolution patterns of YouTube videos based on the classification method in [10] , and studied the impacts of different types of referrers on such patterns. Ahmed et al. [15] identified the patterns of temporal evolution for distinct types of data over time and predicted the evolution pattern of popularity in user generated content. Those patterns proposed by the previous works can well describe the evolution of video popularity. However, they focus more on the popularity growth shapes near the (single) peak day. In our study, we complement the definition of popularity evolution pattern, by considering the number and temporal locations of the popularity bursts throughout the whole observation period. In particular, we analyze the impacts of different popularity evolution patterns on the long-term video popularity.
C. PREDICTION OF INDIVIDUAL POPULARITY
After the group level popularity and evolution pattern of online videos are sufficiently understood, the challenge becomes to actually predict the future popularity. Szabo and Huberman [3] firstly observed the strong linear correlations between long-term popularity and early popularity on the logarithmic scale. Based on this property, they proposed a simple log-linear model to predict the future popularity of online content. This method is verified on various kinds of datasets: YouTube videos [3] , Digg stories [3] , Dutch online news articles [16] , French online news articles [17] , [18] and etc. Pinto et al. [19] further modified the model and proposed a multivariate regression model assigning different weights to the daily popularity increases of the monitoring period. Those methods in the previous works are effective in prediction long-term popularity, only using early popularity measures. In this paper, we take an important step forward, introducing the influence of popularity evolution patterns into the popularity prediction model. Based on the observation of early popularity and the extrapolation of future bursts, we try to capture the popularity dynamics of an individual video and successfully improve the prediction performance. In addition to the regression-based methods, there are also efforts towards building the prediction models with other techniques such as reservoir computing [20] , time series analysis [21] , survival analysis [22] and modified hidden Markov model (HMM) [23] . These models are much more sophisticated and usually rely on theoretical assumptions or dedicated for certain types of the videos. Moreover, as reported by the authors, these models do not outperform the simpler regression based models [19] . There are also some studies that extract data from other domain (e.g. social media and language text), and transform them into the knowledge to predict the popularity of online content. Roy et al. [24] used topic information extracted from the social media Twitter to detect videos that would experience sudden bursts of popularity in YouTube. Vasconcelos et al. [25] used uploader statistic, publication venue and content textual features to predict the popularity level of a micro-review platform, Foursquare. Motivated by these works, we propose a wide spectrum of features in the burst prediction of our model.
III. DATASET
In this paper, we consider the view count metric (i.e. the number of views a video received) as the indicator of video popularity. This objective and quantitative value is commonly used in the research studies of online video popularity. Other metrics such as comment count or favorite count are found largely correlated with view count [26] . To analyze and predict video popularity, we need to obtain the view counts over time for a set of videos.
The data used in this paper are collected from the online video service provider Youku. Youku is one of the most popular online video service providers in China, with more than 500 million monthly active users and 800 million daily video views [27] . It offers a comprehensive type of online video service, providing user-generated content (UGC), video on demand (VoD) and live streaming. We use the open API [28] provided by Youku There are several kinds of video lists provided by the Youku API, such as ''most viewed of the day'' and ''most favorited of the day''. We choose to collect the most recently uploaded videos rather than others, in order to avoid sample bias [3] , [25] and get a complete history of view count since the publication date.
IV. CHARACTERISTICS OF THE VIDEO CONTENT POPULARITY
In this section, we characterize the popularity dynamics at both group and individual levels from four aspects. We first analyze how the group popularity of the videos in our dataset distributes in the long term. Then based on the daily view count increase, we investigate the length of the active time for each video. Next, we explore how the individual video popularity evolves over time, and define temporal patterns to describe those evolutions. At last, we look through the relationship between early view count and long-term view count of an individual video.
A. LONG-TERM POPULARITY Fig. 1 (a) shows the cumulative distribution function (CDF) of the group popularity for all videos on the 30-th day. For comparison, the snapshots of video popularity after the first day and the first week are also shown in the figure. Due to the large variances of view counts which span over 6 decades, we logarithmically rescaled the x-axis in the figure for a better visualization. It is apparent from the figure that the curves of the three snapshots are quite similar: typical heavy-tail characteristics can be observed from the very beginning (after one day) to the long-term (after a month). Most of the videos are barely noticed by users during the observation period while a few popular videos receive a lot of user attention. It can be noticed that, after a day/week/month, 80% of the videos are only watched for less than 235 times, 406 times and 579 times respectively. While, after a month there are approximate 1% of the videos receiving over 100,000 views, and the most popular one (VideoID = ''XMTI4ODcwNDg5Mg=='') has been watched for as many as 32,488,721 times. Thus, although a lot of videos are uploaded to the online video portal every day, only a small part of them can actually become popular. Such a skewed popularity distribution indicates the high asymmetry of user preferences on different videos. Meanwhile, the video service provider's recommendation scheme also plays an important role in the popularity differences [29] . Some new published videos (usually copyrighted content such as TV episodes and variety shows) may be listed in the ''recommended'' section on the homepage of Youku for a while. This makes those videos more visible to users and leads to the rich-get-richer effect on user views.
We further compare the long-term distribution of group popularity with various hypothetical distributions, and find it can be appropriately fitted by a Pareto Type 2 (Lomax) Distribution. The probability density function (PDF) of the Lomax distribution is given by:
( 1) with the shape parameter α > 0 and the scale parameter λ > 0. We run regressions separately with our two-day datasets. For the videos published on August 1st, 2015, the parameters are estimated as α = 0.5552 and λ = 36.2822; and for the videos published on October 17th, 2015, the parameters are estimated as α = 0.5316 and λ = 27.6814.
To visualize the goodness of fit, Fig. 1 (b) and (c) show the P-P plots of the empirical distribution and the theoretical distribution. It can be noticed that both of the two-day P-P plots approximately follow a straight line with slope = 1 and the intercept = 0 (i.e. the line y = x). This indicates the Pareto Type 2 distribution can be a good approximation of the long-term view count distribution, for a set of videos which are published on the same date. Our observations of the group video popularity distribution are different from the previous works [2] , [16] which fit the group popularity of Digg stories and online new articles with a log-normal distribution, and [4] which models the group popularity distribution of YouTube and Daum videos as a power law with an exponential cut-off. This is because while most of the online contents follow a highly skewed heavy-tail distribution, the specific form of distribution depends on video characteristics and user behaviors among datasets of different service providers.
In conclusion, for the group popularity of Youku videos, we find 1) the distribution exhibits heavy-tail characteristics from the beginning to the long-term, and 2) a Pareto Type 2 distribution can well fit the long-term popularity.
B. LIFETIME
In this paper, video lifetime denotes the time span during which a video is attractive to users and able to receive adequate views every day. If the video fails to get adequate daily views since Day k after publication for over consecutive T days, we consider its lifetime ends on Day k. Thus, the lifetime of this video will be k − 1 days. The adequate daily views ADV v for a video v is defined as:
where n is the total number of days during our observation period, N v (n) is the total view count that v receives for n days. N min and λ are two thresholds, indicating the minimum values in both relative and absolute terms of daily view count for ADV . That is, as long as the daily increase in view count is large enough: greater than N min or over λ times of the average daily view count, it will be regarded as adequate. In our analysis, we set N min = 100, λ = 1.5 and T = 5. Fig. 2 shows the CDFs of the lifetime for all the videos in our dataset. In particular, we define the videos with less than 30 views on the 30th day as inactive videos, whose average daily view count is less than 1. Videos with the view count great than or equal to 30 are defined as active videos. In our dataset, 35% of the videos are inactive videos and the rest 65% are active videos. Lifetime CDFs of inactive videos and active videos are also demonstrated in Fig. 2 . A sharp polarization into short and long video lifetime can be seen from the figure. For all videos, over 40 % of them are with lifetime shorter than 5 days, while around 30% of the videos have the lifetime longer than 25 days. The rest videos with the lifetime in between account for only 28.50% of all. On average, the video lifetime is 13.88 days. For inactive videos, the CDF curve lies higher than that of the active videos, indicating that inactive videos tend to have shorter lifetime compared with active videos. More specifically, for as many as 47.78% of the inactive videos, their lifetime lasts for only 1 day; and for around 60% of the inactive videos, the lifetime is shorter than 5 days. In contrast, the proportions for active videos are only 5.41% and 34.73%, respectively. In other words, the inactive videos can attract user attention for only the several days after publication, while the active videos may keep interesting to users for a long time. And for the videos whose lifetime do not end during the observation period, there is still large room for the increase in view counts. Another interesting fact illustrated from the distribution is that: for the active videos, there is a sudden boom (around 10%) at the lifetime of 20 days. This further results in a boom of the distribution for all videos at the same position. After examining the meta-data, we find a lot of the videos with 20 days lifetime are the advertisement videos released by Youku. For instance, the video with VideoID ''XMTM2MDg2MjUyNA=='' and duration equaling 30 seconds is a toothpaste commercial; the video with VideoID ''XMTM2MTEzNzIyOA=='' and duration equaling 30 seconds is an advertisement for a green tea beverage. These advertisement videos are automatically loaded and played before the playback of the requested videos when users utilize Youku video service. As a result, the view counts of these videos are determined by the advertisement deployment strategy rather than user choices. Hence, we speculated that the high distribution of video lifetime at 20 days is caused by the periodical update scheme of Youku for advertisements. It is likely that the advertisement videos are only used for 20 days and then replaced by a group of new ones. Those outdated advertisement videos will hardly be viewed by users ever since, and thus, get the lifetime of exactly 20 days. We remove those advertisement videos from our dataset in the following analysis.
Above all, we define the notion of video lifetime and find 1) the distribution polarizes into short and long lifetime; 2) inactive videos tend to have shorter lifetime than active videos; 3) video lifetime may be affected by the deployment schemes of the service provider.
C. EVOLUTION PATTERN
In this subsection, we analyze how the popularity of an individual video evolves over time. The temporal growths of video popularity are quite complex: for some videos, the popularity experiences dramatic booms of views (i.e. bursts), while for other videos, steady increase in view count can be observed. Moreover, some videos may experience multiple popularity bursts during their lifetime. In our analysis, we define popularity evolution patterns based on the number and temporal locations of popularity bursts, to describe the different popularity evolution trends. The pattern detection procedure is as follows.
At first, the notion of daily popularity growth rate is proposed. Let N v (k) be the (cumulative) view count that a video v achieves till the k-th day since its publication. n is the total number of days during the observation period, 1 ≤ k ≤ n. I v (k) is the daily increase in view count that the video v receives on Day k:
Clearly, we get:
The growth rate r v (k) of view count for video v on the k-th day since its publication is defined as:
Then, for the video v on the k-th day, we define its growth state of popularity s v (k) base on r v (k), measuring whether a burst of popularity exists on that day:
where 1/n is the average growth rate and δ is a threshold.
In our analysis, we set δ = 3. Given a video v, s v (k) = 1 means v experiences a burst of popularity on Day k; while s v (k) = 0 indicates the view count increases slowly on that day. We calculate the growth state of popularity every day for the videos in our dataset. At last, for each video v, a sequence of the growth states s v (1), s v (2), . . . , s v (n) can be extracted. We merge the consecutive states with the same values and define the results as the popularity evolution pattern of v. For instance, for the state sequence 1, 1, 1, 0, 0, 0, . . . , 0 , the evolution pattern is 10 (burst-slow), which indicates the video experiences a sudden increase in popularity at the beginning of the lifetime, and receives only a few views every day afterwards. If no burst is found during the observation period (no ''1'' in the state sequence), the evolution pattern will be regarded as steady. Table 1 shows the top 6 popularity evolution patterns in our dataset, which cover 97.55% of the total videos. Fig. 3 illustrates the typical curve of view count over time for each evolution pattern. It can be learned that ''burst-slow'' is the most common popularity evolution pattern (covering 61.28% of the videos), followed by ''burst-slow-burst-slow'' (27.09%) and ''burst-slow-burst-slow-burst-slow'' (4.76%). These top three evolution patterns account for over 93% of the total videos, and all begin with a burst growth state. That is, most of the videos will experience a sudden increase in popularity at the beginning of the lifetime. We speculate two main causes of this phenomenon as follows: 1) New published videos will appear in the ''recently-uploaded'' section of Youku homepage for several days. Thus, they are more likely to be noticed by users and consequently accumulate views more quickly at the beginning. 2) The uploaders are more eager to share their videos with others in the beginning. The social influence of the uploaders will bring a large number of initial views for the new published videos. From the table, we also find that there are a noticeable proportion of videos, whose view counts keep increasing steadily (the Type 6 evolution pattern). Those videos are usually about currently hot topics which can continuously attract users. Another interesting fact is that many evolution patterns (including Type 2-5) may contain bursts during the middle of the video lifetime. In particular, the Type 4 and Type 5 evolution patterns do not start with a burst growth state. This phenomenon of middle stage popularity burst is usually related to the exogenous effects such as: 1) the video is listed on the homepage by Youku; 2) the video is recommended through the word-of-mouth in real-world social network; 3) the video is retweeted by a famous person on an online social network (OSN). These effects bring the rebounds of view count increase, which make an unpopular video popular or an outdated video popular again [24] , [30] .
In summary, we define and examine the popularity evolution patterns of the new published Youku videos. We get the following interesting observations: 1) most videos receive a popularity burst at the beginning of lifetime; 2) noticeable proportion of videos experience a steady increase in popularity over time; 3) popularity bursts may exist during the middle of the video lifetime.
D. EARLY POPULARITY
The popularity of online content at an early stage can reflect the long-term popularity to some extent [3] . Generally, a content which gains large user interests soon after publication is very likely to become popular in the long term. Otherwise, a small early popularity usually corresponds to an unpopular content. In our case of Youku videos, we study the relationship between video view count on the 7th day (regarded as the early popularity) and view count on the 30th day (regarded as the long-term popularity). Fig. 4 (a) demonstrates the scatter plot of long-term view counts over the corresponding early view counts for all the videos in our dataset. As expected, a linear correlation between early and long-term popularity can be found from the figure. By running a regression, a straight line with slope = 1.2849 and intercept = 52.4053 is used to fit the relationship, shown as the dot line in Fig. 4 (a) . Based on this property, extensive previous works [3] , [16] - [18] , [31] , [32] build linear (or log-transformed linear) regression models to accomplish the task of long-term popularity prediction. Those models can achieve reasonable performances.
However, as analyzed in the previous subsection, there are different popularity evolution patterns among videos. We find the popularity evolution patterns have great impacts on the relationship between early popularity and VOLUME 4, 2016 We further analyze the linear relationship between early and long-term popularity for videos with different kinds of evolution patterns, as plotted in Fig. 5 respectively. Fig. 5 (a) corresponds to the videos with steady early evolution pattern and no future bursts. Fig. 5 (b) corresponds to the videos with popularity bursts only at the early stage of the lifetime (within 7 days). And Fig. 5 (c) corresponds to the videos with popularity bursts after the early stage. It can be noticed that for the first type of videos, the scatters follow a straight line with a very steep slope. This is not unexpected since the continuous increase in views will finally result in a large long-term popularity. For the second type of videos, a linear relationship similar to the line y = x can be found. This is because for these videos, after the popularity bursts at the beginning, the view counts increase with a slow and fixed speed during the lifetime. While, for the last type of videos, which experience popularity bursts after 7 days, we fail to observe an apparent linear correlation between early popularity and long-term popularity. The linear relationship is broken by the unexpected dramatic increasing of views.
Overall, we get the following conclusions: 1) in general, the long-term popularity of an individual video is linear correlated with its early popularity; 2) the popularity evolution pattern of the video will largely influence this relationship. Hence, when predicting the long-term popularity based on early popularity measures, general models which do not consider the evolution patterns have inherent shortcomings and may not be able to predict video popularity accurately.
V. PREDICTING THE VIEW COUNT A. MODELS
To predict the future popularity of an individual video, we propose an Evolution Pattern and Burst Prediction based Multivariate Linear (EPBP_ML) regression model, using its early popularity and meta-data information. The model is motivated by the observations in the popularity characterisation section: 1) the strong correlation between video's early popularity and long-term popularity; 2) the great impact of popularity evolution pattern on the long-term popularity; 3) the possibility of popularity bursts in the middle of a video's lifetime. Both the evolution pattern of early popularity and the probability of future popularity burst are taken into the account in building the prediction model.
For a given video v, we predict its future view count at a reference date r, denoted asN v (r). The actual view count of the video at the reference date is denoted as N v (r). We monitor the growing of video popularity since the publication for a short period, till an early indicator date i. Let I v (k) be the daily increase in view count on the k-th day, then the vector of the early popularity measures is defined as:
To introduce the influence of popularity evolution patterns in the prediction, we build specialized models for the videos with different early popularity evolution patterns. Since the early monitoring period is very short, when extracting popularity evolution patterns (as referred in Section IV-C) we do not merge the same popularity growth states, in order to better distinguish the evolutions. For instance, if s v (k) = 1, k = 1, 2 and s v (k) = 0, k = 3, . . . , i, the early popularity evolution pattern will be ''1100. . . 0''. We consider m early popularity evolution patterns (the top m−1 patterns and the rest as others pattern) in building the models. For each pattern, we assign a different set of regression parameters (i.e. weights) to the daily view count increases I v (i), as the view count increases of different days are supposed to be unequally important in predicting the long-term popularity. The vector of the weight parameters for pattern p is denoted as: ,1,r) , ω (p,2,r) , . . . , ω (p,i,r) )
And for all the m early popularity evolution patterns, we define the vector of weight vectors as: Then, we try to predict whether the video will experience a popularity burst since the indicator date until the reference date. We introduce a wide spectrum of features related to the popularity burst, as shown in Table 2 . In total, there are 58 features in 5 different aspects such as video property features, video text features, user statistic features, user text features, and historical popularity features. We exploit the random forest classification technology, which outperforms other methods, as the detector. How to choose the prediction methods will be discussed in detail in the later section. Then, with the features and the detector, for a given video v we can get a binary prediction B v , indicating whether it will experience future burst (B v = 1) or not (B v = 0). Based on the burst prediction results, we can further adapt the longterm popularity prediction accordingly.
Eventually, our EPBP_ML model estimates the view count of a video v on the reference date as:
where β (i,r) is a model parameter indicating the impact of future burst on the basis of the already received view count. N v (i) is the (cumulative) view count on the indicator date. P v indicates the early popularity evolution pattern of v. For instance, if v belongs to the first pattern, P v = (1, 0, 0, .., 0) T ; if v belongs to the second pattern, P v = (0, 1, 0, .., 0) T . Our EPBP_ML model predicts the long-term popularity according to the early popularity trends and the probability of future burst. We can further understand the model from the causes of view count increasing. The early popularity part of the model describes the impacts of the multiplicative factors on video popularity. That is, if the video content is interesting enough, people will further spread the video to some of their friends, leading to an increase in views on the basis of current popularity [2] . And for the burst prediction part of the model, it corresponds to the additive impact factors. Those factors are usually closely related to the events in the online social network (OSN) [24] , such as retweeting a video by a famous person on OSN, or listing the video on the homepage of video portal by the service provider. The optimal parameters of our model can be learned from the training dataset. More specifically, we further define the feature vector of the model as F v (i):
And for the videos with popularity evolution pattern p, the parameter vector P (p,i,r) is defined as:
Thus, the prediction model can be expressed as:
Given a set of training data V , the optimal values for the model parameters can be computed by minimizing the prediction errors on V . In our analysis, we use the mean relative squared error (MRSE) as the criterion to evaluate the efficiency of the prediction method. For a set of videos V , the MRSE for the prediction results is defined as:
Hence, the model parameters can be obtained as:
arg min
Let
, the optimization problem can be expressed as:
and the optimal model parameters can be computed by simply solving this weighted least squares problem.
B. EXPERIMENTS 1) DATABASES
We evaluate the EPBP_ML model on our Youku dataset, which includes video meta-data, user meta-data and view count time series of 31,785 videos. 
2) PREDICTION MODEL TRAINING
The overview of the detection system is demonstrated in Fig. 6 . When predicting the future popularity of a video, its early evolution pattern is first extracted. Then the probability of the future burst for this video is predicted. At last, the popularity is estimated using the EPBP_ML model with proper parameters. In the experiment, we randomly extract 50% of the available data as the training set and treat the other 50% as the test set. The future burst detector, the top m early popularity evolution patterns, and the EPBP_ML model parameters (i.e. P (p,i,r) ) are learned from the training set. And we use the test set to evaluate the prediction performance (MRSE).
3) BASELINES
We compare our model with two state-of-the-art baseline models. One baseline model is the Log-Linear model which was first proposed by Szabo and Huberman in [3] . It is a univariate linear regression model, using the log-transformed early view count to predict the (log-transformed) future popularity as follows:
where r(i, r) is the model parameter determined by the linear relationship between the log-transformed early and long-term popularity. The other baseline model is a simple multivariate linear regression model, using early view count samples at regular intervals (e.g. every day) as the predictive variables. This model, referred to as the Multi-Linear model, was proposed by Pinto et al. in [19] . The mode estimates the future video popularity as follows:
where θ (k,r) , k = 1, 2, . . . , i are model parameters for the view count increase each day. We evaluate all the models in the same scenario adopted by Szabo and Huberman [3] and Pinto et al. [19] . That is, 1) the indicator date i equal to 7 and the reference date r equal to 30; 2) the baseline model parameters are determined by using the maximum likelihood estimation and minimization of the relative squared errors, respectively. And for the number of early popularity evolution patterns in our EPBP_ML model, we set m = 4. It can be noticed that the Log-Linear model and the MultiLinear model are special cases of the proposed model, without considering the model specializations and future burst predictions. Hence, in terms of MRSE, the general prediction performance provided by our model should be always either equal or better than the two baseline models, although this is not guaranteed in predicting the popularity of each individual video. Table 3 shows the MRSEs of the prediction results. For a better understanding of the model performance, we also separately list the MRSE values produced by each model according to the four early popularity evolution patterns, which are considered in the EPBP_ML model. It is apparent from the table that the proposed model outperforms the baseline models with the least MRSE values in both overall and per-pattern cases. It can be noticed that the overall MRSE reductions produced by EPBP_ML model are about 32.73% and 11.28% over the Log-Linear model and Multi-Linear model, respectively. Comparing with the Log-Linear model, the EPBP_ML model produces much smaller MRSE values in all video patterns. This leads to the significant reductions in the overall MRSE value over the baseline model. And comparing our EPBP_ML model with the Multi-Linear model, while their prediction performances are close in the first two video patterns, the proposed model produces large reductions of errors in the rest patterns. This indicates that the MultiLinear model is more biased towards the videos with certain specific early popularity evolution patterns, while our model suits all the types of videos.
4) MODEL PERFORMANCE ANALYSIS
As shown above, we build specialized models for the videos with different early popularity evolution patterns, and successfully improve the prediction performance. This is because distinguishing the videos with different evolution patterns can bring fewer instances of noise in the model training, and thus get more proper model parameters.
While for a general model where all videos are treated jointly, such as the baseline methods, the impact of evolution patterns on the video popularity will be masked. Some previous works also built specialized prediction model according to different content characteristics such as video publication time, video category and post location [19] , [25] , [32] . However, they fail to achieve an obvious improvement of the prediction performance. That is because, unlike the popularity evolution pattern, those content characteristics are not able to discriminate the differences in long-term popularity among videos. To decide the proper future burst prediction model, we compare the performances of several effective classification methods with the same training and test sets. The methods include the k-nearest neighbor (KNN) classifier [33] , the naive Bayes classifier [34] , the decision tree classifier [35] , the support vector machine (SVM) classifier [36] and the random forest classifier [37] . For the KNN classifier, we vary the value of k from 1 to 9. For the SVM classifier, we try the linear kernel function and the radial basis kernel function. We use grid search and 10-fold cross-validation on the training set to choose the best parameters for each classification method. The detection precisions, true positives, and true negatives are reported in Table 4 . For brevity, we only list the best results of the KNN (k = 9) and SVM (linear kernel function) methods in the table. It can be noticed that the random forest classifier achieves the best overall prediction performance with the largest prediction precision. KNN, decision tree, SVM and random forest classifiers all produce high true negatives (over 80%), while the true positive of the random forest is much larger than those of the rest three methods. And for the naive Bayes classifier, although its true positive is quite large (over 96%), its true negative is only around 7%. Hence, in our model we use the random forest classifier as the detector to predict future popularity burst. In addition, given the true positive is not very large (below 50%), there is still large rooms to improve the burst prediction, and further improve the performance of our popularity prediction model.
2) IMPORTANCE OF FEATURE AND FEATURE GROUP
We investigate the importance of each feature and each feature group in the popularity burst detection. In our study, we propose 58 features capturing 5 different aspects of the data, as shown in Table 2 . We calculate the total decrease in node impurities (measured by the Gini index) as the feature importance when building the random forest. We find that the most discriminative feature is ''video category'', followed by ''view count on the 7th day'', ''view count increase on the 1st day'', ''view count increase rate on the 1st day'' and ''video duration''. This indicates that some specific types (category and duration) of videos are more likely to experience popularity burst, and the early popularity measures also play an importance role in the prediction. We next evaluate the importance of different feature groups, by running the random forest a number of times, and each time removing one group of features. Table 5 shows the corresponding precisions, true positives and true negatives of the prediction results. It can be noticed that the ''historical popularity features'' is the most discriminative feature group. When it is removed, the drop of precision is the most significant, decreasing by 8.30%. This indicates the importance of taking the early popularity evolution as evidence for the long-term popularity prediction. And for the rest feature groups, we observe similar precision decreases (around 3%), implying that they all contribute to the overall performance. By introducing these features, the burst prediction can be further improved.
B. POPULARITY PREDICTION PARAMETERS 1) THE IMPACT OF INDICATOR DATE VALUE
We first investigate the impact of indicator date value i on the popularity prediction. In the experiment, we set i = 7, same as those in the baseline methods. Now we vary the value of i from 5 to 25. Note the iteration begins with 5 instead of 1 (immediately after the video publication), to take advantage of the historical popularity information in our model. For a given i, we consider m = 4 early popularity evolution patterns. The MRSE values of the prediction results for each scenario are presented in Fig. 7 (a) . For comparison, the figure also shows the performances of the two baseline models. It can be noticed that the errors decrease rapidly as the value of i becomes larger. After 5 days the MRSE of our EPBP_ML model is around 8% while after 25 days the value is only around 1%. It is obvious that by increasing the observation period (i.e. indicator date), we can achieve better prediction results. However, a prediction system should provide estimations as soon as possible in practical. Hence, when choosing the indicator date, we should balance the promptness and the prediction accuracy of the model. Another fact that can be observed from the figure is that our model produces the smallest MRSEs for all considered values of i, comparing to the baseline models. This further proves the effectiveness of our model. 
2) THE SELECTION OF THE NUMBER OF PATTERNS
Next, we analyze how the prediction performance is affected by the number of patterns considered in the early popularity measures. We iterate the pattern number m from 1 to 7. We set the indicator date value i = 7. Prediction performances of the models with different pattern numbers are shown in Fig. 7 (b) . From the figure, we notice that extending m from 1 to 4 can significantly reduce the prediction errors. This is not surprising, since the model specialization according to early popularity evolution patterns is supposed to improve the prediction performance. However, similar or even slightly increases in the MRSEs are observed when m > 4. This is because, in our dataset, for the videos with early evolution patterns other than the top 3, their fractions of the total videos are very small (only around 4.07% in total and below 0.50% per-pattern). Building specialized models for these videos may cause bias and overfitting, which hurt the prediction performance. Overall, in our model we consider 4 (top 3 + others) early evolution patterns in the prediction.
VII. CONCLUSION
In this paper, we firstly carried out a detailed characterisation study of the video popularity dynamics, based on the dataset crawled from Youku for 30 consecutive days. We found the distribution of long-term group popularity was quite uneven and could be fitted by a Pareto Type 2 distribution. We analyzed the distribution of video lifetime in our dataset, and found differences between the videos with different popularity. We then revealed how the popularity of an individual video evolved over time, considering the number and temporal locations of popularity bursts. At last, we studied the linear correlation between the early view count and the long-term view count. We found the relationship was greatly impacted by the popularity evolution pattern. Inspired by the characterisation results, we proposed a multivariate linear regression model to predict the video popularity based on early popularity evolution patterns and future popularity burst predictions. We tested the proposed model on the Youku dataset and compared the prediction performance with two state-of-theart baseline approaches. Experimental results showed that our model outperformed the baseline models and reduced the prediction errors significantly. The study presented in this paper are crucial and beneficial for content publishers, service providers, advertisers and network operators with direct implication values. Future work of the paper involves testing the model on other datasets and improving the popularity burst detection to further improve the performance of our model. 
